In this paper, we focus on the opinion target extraction as part of the opinion mining task. We model the problem as an information extraction task, which we address based on Conditional Random Fields (CRF). As a baseline we employ the supervised algorithm by Zhuang et al. (2006), which represents the state-of-the-art on the employed data. We evaluate the algorithms comprehensively on datasets from four different domains annotated with individual opinion target instances on a sentence level. Furthermore, we investigate the performance of our CRF-based approach and the baseline in a single-and cross-domain opinion target extraction setting. Our CRF-based approach improves the performance by 0.077, 0.126, 0.071 and 0.178 regarding F-Measure in the single-domain extraction in the four domains. In the crossdomain setting our approach improves the performance by 0.409, 0.242, 0.294 and 0.343 regarding F-Measure over the baseline.
Introduction
The automatic extraction and analysis of opinions has been approached on several levels of granularity throughout the last years. As opinion mining is typically an enabling technology for another task, this overlaying system defines requirements regarding the level of granularity. Some tasks only require an analysis of the opinions on a document or sentence level, while others require an extraction and analysis on a term or phrase level. Amongst the tasks which require the finest level of granularity are: a) Opinion question answering -i.e. with questions regarding an entity as in "What do the people like / dislike about X?". b) Recommender systems -i.e. if the system shall only recommend entities which have received good reviews regarding a certain aspect. c) Opinion summarization -i.e. if one wants to create an overview of all positive / negative opinions regarding aspect Y of entity X and cluster them accordingly. All of these tasks have in common that in order to fulfill them, the opinion mining system must be capable of identifying what the opinions in the individual sentences are about, hence extract the opinion targets.
Our goal in this work is to extract opinion targets from user-generated discourse, a discourse type which is quite frequently encountered today, due to the explosive growth of Web 2.0 community websites. Typical sentences which we encounter in this discourse type are shown in the following examples. The opinion targets which we aim to extract are underlined in the sentences, the corresponding opinion expressions are shown in italics.
(1) While none of the features are earth-shattering, eCircles does provide a great place to keep in touch.
(2) Hyundai's more-than-modest refresh has largely addressed all the original car's weaknesses while maintaining its price competitiveness.
The extraction of opinion targets can be considered as an instance of an information extraction (IE) task (Cowie and Lehnert, 1996) . Conditional Random Fields (CRF) (Lafferty et al., 2001) have been successfully applied to several IE tasks in the past (Peng and McCallum, 2006) . A recurring problem, which arises when working with supervised approaches, concerns the domain portability. In the opinion mining context this question has been prominently investigated with respect to opinion polarity analysis (sentiment analysis) in previous research (Aue and Gamon, 2005; Blitzer et al., 2007) . Terms as "unpredictable" can express a positive opinion when uttered about the storyline of a movie but a negative opinion when the handling of a car is described. Hence the effects of training and testing a machine learning algorithm for sentiment analysis on data from different domains have been analyzed in previous research. However to the best of our knowledge, these effects have not been investigated regarding the extraction of opinion targets. The contribution of this paper is a CRF-based approach for opinion targets extraction which tackles the problem of domain portability. We first evaluate our approach in three different domains against a state-of-the art baseline system and then evaluate the performance of both systems in a cross-domain setting. We show that our CRF-based approach outperforms the baseline in both settings, and how the diffrerent combinations of features we introduce influence the results of our CRF-based approach. The remainder of this paper is structured as follows: In Section 2 we discuss the related work, and in Section 3 we describe our CRF-based approach. Section 4 comprises our experimental setup including the description of the dataset we employ in our experiments in Section 4.1 and the baseline system in Section 4.2. The results of our experiments and their discussion follow in Section 5. Finally we draw our conclusions in Section 6.
Related Work
In the following we will discuss the related work regarding opinion target extraction and domain adaptation in opinion mining. The discussion of the related work on opinion target extraction is separated in supervised and unsupervised approaches. We conclude with a discussion of the related work on domain adaptation in opinion mining.
Unsupervised Opinion Target Extraction
The first work on opinion target extraction was done on customer reviews of consumer electronics. Hu and Liu (2004) introduce the task of feature based summarization, which aims at creating an overview of the product features commented on in the reviews. Their approach relies on a statistical analysis of the review terms based on association mining. A dataset of customer reviews from five domains was annotated by the authors regarding mentioned product features with respective opinion polarities. The association mining based algorithm yields a precision of 0.72 and a recall of 0.80 in the extraction of a manually selected subset of product features. The same dataset of product reviews was used in the work of Yi et al. (2003) . They present and evaluate a complete system for opinion extraction which is based on a statistical analysis based on the Likelihood Ratio Test for opinion target extraction. The Likelihood Ratio Test yields a precision of 0.97 and 1.00 in the task of opinion target (product feature) extraction, recall values are not reported. Popescu and Etzioni (2005) present the OPINE system for opinion mining on product reviews. Their algorithm is based on an information extraction system, which uses the pointwise mutual information based on the hitcounts of a web-search engine as an input. They evaluate the opinion target extraction separately on the dataset by Hu and Liu (2004) . OPINE's precision is on average 22% higher than the association mining based approach, while having an average 3% lower recall. Bloom et al. (2007) manually create taxonomies of opinion targets for two datasets. With a handcrafted set of dependency tree paths their algorithm identifies related opinion expressions and targets. Due to the lack of a dataset annotated with opinion expressions and targets, they just evaluate the accuracy of several aspects of their algorithm by manually assessing an output sample. Their algorithm yields an accuracy of 0.75 in the identification of opinion targets. Kim and Hovy (2006) aim at extracting opinion holders and opinion targets in newswire with semantic role labeling. They define a mapping of the semantic roles identified with FrameNet to the respective opinion elements. As a baseline, they im-plement an approach based on a dependency parser, which identifies the targets following the dependencies of opinion expressions. They measure the overlap between two human annotators and their algorithm as well as the baseline system. The algorithm based on semantic role labeling yields an F-Measure of 0.315 with annotator1 and 0.127 with annotator2, while the baseline yields an F-Measure of 0.107 and 0.109 regarding opinion target extraction
Supervised Opinion Target Extraction
Zhuang et al. (2006) present a supervised algorithm for the extraction of opinion expression -opinion target pairs. Their algorithm learns the opinion target candidates and a combination of dependency and part-of-speech paths connecting such pairs from an annotated dataset. They evaluate their system in a cross validation setup on a dataset of user-generated movie reviews and compare it to the results of the Hu and Liu (2004) system as a baseline. Thereby, the system by Zhuang et al. (2006) yields an F-Measure of 0.529 and outperforms the baseline which yields an F-Measure of 0.488 in the task of extracting opinion target -opinion expression pairs. Kessler and Nicolov (2009) solely focus on identifying which opinion expression is linked to which opinion target in a sentence. They present a dataset of car and camera reviews in which opinion expressions and opinion targets are annotated. Starting with this information, they train a machine learning classifier for identifying related opinion expressions and targets. Their algorithm receives the opinion expression and opinion target annotations as input during runtime. The classifier is evaluated using the algorithm by Bloom et al. (2007) as a baseline. The support vector machine based approach by Kessler and Nicolov (2009) yields an F-Measure of 0.698, outperforming the baseline which yields an F-Measure of 0.445.
Domain Adaptation in Opinion Mining
The task of creating a supervised algorithm, which when trained on data from domain A, also performs well on data from another domain B, is a domain adaptation problem (Daumé III and Marcu, 2006; Jiang and Zhai, 2007) . Aue and Gamon (2005) have investigated this challenge very early in the task of document level sentiment classification (positive / negative). They observe that increasing the amount of training data raises the classification accuracy, but only if the training data is from one source domain. Increasing the training data by mixing domains does not yield any consistent improvements. Blitzer et al. (2007) introduce an extension to a structural correspondence learning algorithm, which was specifically designed to address the task of domain adaptation. Their enhancement aims at identifying pivot features, which are stable across domains. In a series of experiments in document level sentiment classification they show that their extension outperforms the original structural correspondence learning approach. In their error analysis, the authors observe the best results were reached when the training -testing combinations were Books -DVDs or Electronics -Kitchen appliances. They conclude that the topical relatedness of the domains is an important factor. Furthermore they observe that training the algorithm on a smaller amount of data from a similar domain is more effective than increasing the amount of training data by mixing domains.
CRF-based Approach for Opinion Target Extraction
In the following we will describe the features we employ as input for our CRF-based approach. As the development data, we used 29 documents from the movies dataset, 23 documents from the web-services dataset and 15 documents from the cars & cameras datasets.
Token
This feature represents the string of the current token as a feature. Even though this feature is rather obvious, it can have considerable impact on the target extraction performance. If the vocabulary of targets is rather compact for a certain domain (corresponding to a low target type / target ratio), the training data is likely to contain the majority of the target types, which should hence be a good indicator. We will refer to this feature as tk in our result tables.
POS
This feature represents the part-of-speech tag of the current token as identified by the Stanford POS Tagger 1 . It can provide some means of lexical disam-biguation, e.g. indicate that the token "sounds" is a noun and not a verb in a certain context. At the same time, the CRF algorithm is provided with additional information to extract opinion targets which are multiword expressions, i.e. noun combinations. We will refer to this feature as pos in our result tables.
Short Dependency Path
Previous research has successfully employed paths in the dependency parse tree to link opinion expressions and the corresponding targets (Zhuang et al., 2006; Kessler and Nicolov, 2009 ). Both works identify direct dependency relations such as "amod" and "nsubj" as the most frequent and at the same time highly accurate connections between a target and an opinion expression. We hence label all tokens which have a direct dependency relation to an opinion expression in a sentence. The Stanford Parser 2 is employed for the constituent and dependency parsing. We will refer to this feature as dLn in our result tables.
Word Distance
From the work of Zhuang et al. (2006) we can infer that opinion expressions and their target(s) are not always connected via short paths in the dependency parse tree. Since we cannot capture such paths with the abovementioned feature we introduce another feature which acts as heuristic for identifying the target to a given opinion expression. Hu and Liu (2004) and Yi et al. (2003) have shown that (base) noun phrases are good candidates for opinion targets in the datasets of product reviews. We therefore label the token(s) in the closest noun phrase regarding word distance to each opinion expression in a sentence. We will refer to this feature as wrdDist in our result tables.
Opinion Sentence
With this feature, we simply label all tokens occurring in a sentence containing an opinion expression. This feature shall enable the CRF algorithm to distinguish between the occurence of a certain token in a sentence which contains an opinion vs. a sentence without an opinion. We will refer to this feature as sSn in our result tables.
All three datasets contain annotations regarding the antecedents of anaphoric opinion targets. In our experimental setup, we do not require the algorithms to also correctly resolve the antecedent of an opinion target representy by a pronoun, as we are solely interested in evaluating the opinion target extraction not any anaphora resolution.
As shown in rows 4 and 5 of Table 1 , the documents from the cars and the cameras datasets exhibit a much higher density of opinions per document. 53.5% of the sentences from the cars dataset contain an opinion and in the cameras dataset even 56.1% of the sentences contain an opinion, while in the movies and the web-services reviews just 22.1% and 22.4% of the sentences contain an opinion. Furthermore in the cars and the cameras datasets the lexical variability regarding the opinion targets is substantially larger than in the other two datasets: We calculate target types by counting the number of distinct opinion targets in a dataset. We divide this by the sum of all opinion target instances in the dataset. For the cars dataset this ratio is 0.440 and for the cameras dataset it is 0.433, while for the web-services dataset it is 0.306 and for the movies dataset only 0.122. In terms of reviews this means, that in the movie reviews the same movie aspects are repeatedly commented on, while in the cars and the cameras datasets many different aspects of these entities are discussed, which in turn each occur infrequently. 
Baseline System
In the task of opinion target extraction the supervised algorithm by Zhuang et al. (2006) represents the state-of-the-art on the movies dataset we also employ in our experiments. We therefore use it as a baseline. The algorithm learns two aspects from the labeled training data:
1. A set of opinion target candidates 2. A set of paths in a dependency tree which identify valid opinion target -opinion expression pairs
In our experiments, we learn the full set of opinion targets from the labeled training data in the first step. This is slightly different from the approach in (Zhuang et al., 2006 ), but we expect that this modification should be beneficial for the overall performance in terms of recall, as we do not remove any learned opinion targets from the candidate list. In the second step, the annotated sentences are parsed and a graph containing the words of a sentence is created, which are connected by the dependency relations between them. For each opinion targetopinion expression pair from the gold standard, the shortest path connecting them is extracted from the dependency graph. A path consists of the part-ofspeech tags of the nodes and the dependency types of the edges. Example 3 shows a typical dependency path.
(3) NN -nsubj -NP -amod -JJ During runtime, the algorithm identifies opinion targets from the candidate list in the training data. The opinion expressions are directly taken from the gold standard, as we focus on the opinion target extraction aspect in this work. The sentences are then parsed and if a valid path between a target and an opinion expression is found in the list of possible paths, then the pair is extracted. Since the dependency paths only identify pairs of single word target and opinion expression candidates, we employ a merging step. Extracted target candidates are merged into a multiword target if they are adjacent in a sentence. Thereby, the baseline system is also capable of extracting multiword opinion targets.
Metrics
We employ the following requirements in our evaluation of the opinion target extraction: An opinion target must be extracted with exactly the span boundaries as annotated in the gold standard. This is especially important regarding multiword targets. Extracted targets which partially overlap with the annotated gold standard are counted as errors. Hence a target extracted by the algorithm which does not exactly match the boundaries of a target in the gold standard is counted as a false positive (FP), e.g. if "battery life" is annotated as the target in the gold standard, only "battery" or "life" extracted as targets will be counted as FPs. Exact matches between the targets extracted by the algorithm and the gold standard are true positives (TP). We refer to the number of annotated targets in the gold standard as T GS . Precision is calculated as P recision = T P T P +F P , and recall is calculated as Recall =
T P T GS
. F-Measure is the harmonic mean of precision and recall.
Results and Discussion
We investigate the performance of the baseline and the CRF-based approach for opinion target extraction in a single-and cross-domain setting. The single-domain approach assumes that there is a set of training data available for the same domain as the domain the algorithm is being tested on. In this setup, we will both run the baseline and our CRF based system in a 10-fold cross-validation and report results macro averaged over all runs. In the crossdomain approach, we will investigate how the algorithm performs if given training data from domain A while being tested on another domain B. In this setting, we will train the algorithm on the entire dataset A, and test it on the entire dataset B, we hence report one micro averaged result set. In Subsection 5.1 we present the results of both the baseline system and our CRF-based approach in the single-domain setting, in Subsection 5.2 we present the results of the two systems in the cross-domain opinion target extraction. 
Single-Domain Results

Zhuang Baseline
As shown in Table 2 , the state-of-the-art algorithm of Zhuang et al. (2006) performs best on the movie review dataset and worst on the cars dataset. The results on the movie dataset are higher than originally reported in (Zhuang et al., 2006 ) (Precision 0.483, Recall 0.585, F-Measure 0.529). We assume that this is due to two reasons: 1. In our task, the algorithm uses the opinion expression annotation from the gold standard. 2. We do not remove any learned opinion target candidates from the training data (See Section 4.2).
During training we observed that for each dataset the lists of possible dependency paths (see Example 3) contained several hundred entries, many of them only occurring once. We assume that the recall of the algorithm is limited by a large variety of possible dependency paths between opinion targets and opinion expressions, since the algorithm cannot link targets and opinion expressions in the testing data if there is no valid candidate dependency path. Furthermore, we observe that for the cars dataset the size of the dependency path candidate list (6642 entries) was approximately five times larger than the dependency graph candidate list for the web-services dataset (1237 entries), which has a comparable size regarding documents. At the same time, the list of target candidates of the cars dataset was approximately eight times larger than the target candidate list for the web-services dataset. We assume that a large number of both the target candidates as well as the dependency path candidates introduces many false positives during the target extraction, hence lowering the precision of the algorithm on the cars dataset considerably. Table 3 shows the results of the opinion target extraction using the CRF algorithm. Row 8 contains the results of the feature configuration, which yields the best performance regarding F-Measure across all datasets. We observe that our aproach outperforms the Zhuang baseline on all datasets. The gain in FMeasure is between 0.077 in the movies domain and 0.175 in the cars domain. Although the CRF-based approach clearly outperforms the baseline system on all four datasets, we also observe the same general trend regarding the individual results: The CRF yields the best results on the movies dataset and the worst results on the cars & cameras dataset.
As shown in the first row, the results when using just the token string and part-of-speech tags as features are very low, especially regarding recall. We observe that the higher the lexical variability of the opinion targets is in a dataset, the lower the results are. If we add the feature based on word distance (row 2), the recall is improved on all datasets, while the precision is slightly lowered on the movies and web-services datasets. The dependency path based feature performs better compared to the word distance heuristic as shown in row 3. The precision is considerably increased on all datasets, on the movies and cars & cameras datasets even reaching the overall highest value. At the same time, we observe an increase of recall on all datasets. The observation made in previous research that short paths in the dependency graph are a high precision indicator of related opinion expressions -opinion targets (Kessler and Nicolov, 2009 ) is confirmed on all datasets. Adding the information regarding opinion sentences to the basic features of the token string and the part-of-speech tag (row 4) yields the biggest improvements regarding F-Measure on the movies and web-services dataset (+0.433 / +0.383). On the cars & cameras dataset the recall is relatively low again. We assume that this is again due to the high lexical variability, so that the CRF algorithm will encounter many actual opinion targets in the testing data which have not occurred in the training data and will hence not be extracted.
As shown in row 5, if we combine the dependency graph based feature with the word distance heuristic, the results regarding F-Measure are consistently higher than the results of these features in isolation (rows 2 -4) on all datasets. We conclude that these two features are complementary, as they apparently indicate different kinds of opinion targets which are then correctly extracted by the CRF. If we combine each of the opinion expression related features with the label which identifies opinion sentences in general (rows 6 & 7), we observe that this feature is also complementary to the others. On all datasets the results regarding F-Measure are consistently higher compared to the features in isolation (rows 2 -4). Row 8 shows the results of all features in combination. Again, we observe the complementarity of the features, as the results of this feature combination are the best regarding F-Measure across all datasets.
In row 9 of the results, we exclude the token string as a feature. In comparison to the full feature combination of row 8 we observe a significant decrease of F-Measure on the movies and the webservices dataset. On the cars dataset we only observe a slight decrease of recall. Interestingly on the cameras dataset we even observe a slight increase of precision which compensates a slight decrease of recall, in turn resulting in stable F-Measure of 0.500 as in the full feature set of row 8.
We have run some additional experiments in which we did not rely on the annotated opinion expressions, but employed a general pupose subjectivity lexicon 4 . Already in the single-domain extraction, we observed that the results declined substantially (e.g. web-services F-Measure: 0.243, movies F-Measure: 0.309, cars F-Measure: 0.192 and cameras F-Measure: 0.198).
We performed a quantitative error analysis on the results of the CRF-based approach in the singledomain setting. In doing so, we focused on misclassifications of B-Target and I-Target instances, as the recall is consistently lower than the precision across all datasets. We observe that most of the recall errors result from one-word opinion targets or the beginning of opinion targets (B-Targets) being missclassified as non-targets (movies 83%, web-services 73%, cars 68%, cameras 64%). For the majority of these missclassifications neither the dLn nor the wDs features were present (movies 82%, web-services 56%, cars 64%, cameras 61%). We assume that our features cannot capture the structure of more complex sentences very well. Our results indicate that the dLn and wDs features are complementary, but apparently there are quite a few cases in which the opinion target is neither directly related to the opinion expression in the dependency graph nor close to it in the sentence. One of these sentences, in this case from a camera review, in shown in Example 4.
(4) A lens cap and a strap may not sound very important, but it makes a huge difference in the speed and usability of the camera.
In this sentence, the dLn and wDs features both labeled "speed" which was incorrectly extracted as the target of the opinion. None of the actual targets "lens cap", "strap" and "camera" have a short dependency path to the opinion expression and "speed" is simply the closest noun to it. Note that although both "speed" and "usability" are attributes of a camera, the opinion in this sentence is about the "lens cap" and "strap", hence only these attributes are annotated as targets.
4 http://www.cs.pitt.edu/mpqa/ 5.2 Cross-Domain Results Table 4 shows the results of the opinion target extraction with the state-of-the-art system in the crossdomain setting. We observe that the results on all domain combinations are very low. A quantitative error analysis has revealed that there is hardly any overlap in the opinion target candidates between domains, as reflected by the low recall in all configurations. The vocabularies of the opinion targets are too different, hence the performance of the algorithm by Zhuang et al. (2006) is so low. The overlap regarding the dependency paths between domains was however higher. Especially identical short paths could be found across domains which at the same time typically occured quite often. For future work it might be interesting to investigate how the algorithm by Zhuang et al. (2006) performs in the crossdomain setting if the target candidate learning is performed differently, e.g. with a statistical approach as outlined in Section 2.1.
CRF-based Approach
The results of the cross-domain target extraction with the CRF-based algorithm are shown in Table 5 . Due to the increase of system configurations introduced by the training -testing data combinations, we had to limit results of the feature combinations reported in the Table. The feature combination pos, sSn, wDs, dLn yielded the best results regarding FMeasure. Hence, we report its result as the basic feature set. When comparing the results of the best performing feature / training data combination of our CRF-based approach with the baseline, we observe that our approach outperforms the baseline on all four domains. The gain in F-Measure is 0.409 in the movies domain, 0.242 in the web-services domain, 0.294 in the cars domain and 0.343 in the cameras domain.
Effects of Features
Interestingly with the best performing feature combination from the single-domain extraction, the results regarding recall in the cross-domain extraction are very low 5 . This is due to the fact that the CRF attributed a relatively large weight to the token string feature. As we also observed in the analysis of the baseline results, the overlap of the opinion target vocabularies between domains is low, which resulted in a very small number of targets extracted by the CRF. As shown in Table 5 the results are promising regarding F-Measure if we just leave the token feature out of the configuration.
Effects of Training Data
When analyzing the results of the different training -testing domain configurations we observe the following: In isolation training data from the cameras domain consistently yields the best results regarding F-Measure when the algorithm is run on the datasets from the other three domains. This is particularly interesting since the cameras dataset is the smallest of the four (see Table 1 ). We investigated whether the CRF algorithm was overfitting to the training datasets by reducing their size to the size of the cameras dataset. However, the reduction of the training data sizes never improved the extraction results regarding F-Measure for the movies, web-serviecs and cars datasets. The good results when training on the cameras dataset are in line with our observations from Section 5.1.2. We noticed that on the cameras dataset the results regarding F-Measure remained stable if the token feature is not used in the training.
In isolation, training only on the cars data yields the second highest results on the movies and webservices datasets and the highest results regarding F-Measure on the cameras data. However, the results of the cars + cameras training data combination indicate that the cameras data does not contribute any additional information during the learning, since the results on both the movies and the web-services datasets are lower than when training only on the cameras data.
Our results also confirm the insights gained by Blitzer et al. (2007) , who observed that in crossdomain polarity analysis adding more training data is not always beneficial. Apparently even the smallest training dataset (cameras) contain enough feature instances to learn a model which performs well on the testing data.
We observe that the results of the cross-domain extraction regarding F-Measure come relatively close to the results of the single-domain setting, especially if the token string feature is removed there (see Table 3 row 9). On the cars and the cameras dataset the cross-domain results are even closer to the single-domain results. The features we employ seem to scale well across domains and compensate the difference between training and testing data and the lack of information regarding the target vocabu- 
Conclusions
In this paper, we have shown how a CRF-based approach for opinion target extraction performs in a single-and cross-domain setting. We have presented a comparative evaluation of our approach on datasets from four different domains. In the single-domain setting, our CRF-based approach outperforms a supervised baseline on all four datasets. Our error analysis indicates that additional features, which can capture opinions in more complex sentences, are required to improve the performance of the opinion target extraction. Our CRF-based approach also yields promising results in the crossdomain setting. The features we employ scale well across domains, given that the opinion target vocabularies are substantially different. For future work, we might investigate how machine learning algorithms, which are specifically designed for the problem of domain adaptation (Blitzer et al., 2007; Jiang and Zhai, 2007) , perform in comparison to our approach. Since three of the features we employed in our CRF-based approach are based on the respective opinion expressions, it is to investigate how to mitigate the possible negative effects introduced by errors in the opinion expression identification if they are not annotated in the gold standard. We observe similar challenges as Choi et al. (2005) regarding the analysis of complex sentences. Although our data is user-generated from Web 2.0 communities, a manual inspection has shown that the documents were of relatively high textual quality. It is to investigate to which extent the approaches taken in the analysis of newswire, such as identifying targets with coreference resolution, can also be applied to our task on user-generated discourse.
